Prior research has demonstrated that financial aid can influence both college enrollments and completions, but less is known about its post-college consequences. Even for students whose attainment is unaffected, financial aid may affect post-college outcomes via reductions in both time to degree and debt at graduation. We utilize two complementary quasi-experimental strategies to identify causal effects of the WV PROMISE scholarship, a broad-based state merit aid program, up to 10 years post-college-entry. This study is the first to link college transcripts and financial aid information to credit bureau data later in life, enabling us to examine important outcomes that have not previously been examined, including homeownership, neighborhood characteristics, and financial management (credit risk scores, defaults, and delinquencies). We find that even as graduation impacts fade out over time, impacts on other outcomes emerge: scholarship recipients are more likely to earn a graduate degree, more likely to own a home and live in higher-income neighborhoods, less likely to have adverse credit outcomes, and are more likely to be in better financial health than similar students who did not receive scholarships.
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Introduction
As college costs have risen, financial aid has become an increasingly integral feature of the U.S. postsecondary landscape, with 7 in 10 undergraduates now receiving some form of financial aid (Baum, Elliot, & Ma 2014) . At the state level, the largest expansions in financial aid spending in the past two decades have come from the introduction and growth of broad-based merit aid programs (College Board, 2012) . Since 1991, several states have instituted large-scale, merit-based grant programs to defray the costs of higher education among their residents who meet basic academic criteria, regardless of financial need. For example, the West Virginia PROMISE scholarship required a high school grade point average (GPA) of 3.0 and an ACT or SAT score above the median (21 or 1000, respectively) when it was implemented in 2002. Many of these programs fully cover tuition and fees (at least initially) at in-state public institutions, and require minimal paperwork to claim. The simplicity of their eligibility and application processes, as well as their broad constituency including many middle class families, has contributed to their popularity (Dynarski & Scott-Clayton, 2006) .
Nonetheless, these state merit-based programs have been controversial. Advocates point to evidence that such programs have led to improvements in college readiness metrics; increases in college enrollment and performance; improved rates of degree attainment; and decreases in the "brain drain" of talented students to other states (Bruce & Carruthers, 2014; Castleman, 2014; Carruthers & Ozek, 2013; Cornwall, Mustard, & Sridhar, 2006; Dynarski, 2004 Dynarski, , 2008 Pallais, 2009; Scott-Clayton, 2011; Zhang & Ness, 2010) . Most of this research is quasiexperimental, utilizing variation in program access due to discontinuities in eligibility criteria or in the timing of implementation. But a recent randomized-control trial of a similarly-designed private scholarship-the Buffet Scholarship in Nebraska-also finds evidence of positive effects on college persistence (Angrist, Hudson & Pallais, 2014; Angrist, Autor, Hudson, & Pallais, 2015) .
Critics, however, point to important caveats, conflicting findings, and unanswered questions within this growing body of research. A pair of recent studies using Census data to examine a broader set of merit-aid programs suggest that single-state, early estimates of the impact of merit aid may overstate the impacts experienced more generally (Fitzpatrick & Jones, 2012; Sjoquist & Winters, 2012) . In Massachusetts-a state with high baseline levels of educational attainment and strong private institutions-the merit-based Adams Scholarship resulted in students switching to in-state public institutions away from higher quality alternatives, ultimately reducing students' likelihood of timely degree attainment (Cohodes & 2 Goodman, 2014) . Even when programs have generated positive effects, they may exacerbate socioeconomic gaps in attainment (Dynarski, 2000) , result in unproductive strategic behavior (Cornwell, Lee, & Mustard 2005) , or simply subsidize too many students who would have gone to college anyway (Fitzpatrick & Jones, 2012) .
A full assessment of these programs' value relative to their cost requires knowing what happens to students after college. Yet there is little extant evidence regarding the effects of merit aid-or any type of financial aid for that matter-on post-college outcomes such as further education, employment and earnings, mobility, homeownership, and other socioeconomic outcomes. It might be reasonable to suspect that if financial aid increases educational attainment, it should improve later life outcomes as well, and if it doesn't affect attainment, then one may question the utility of looking any further. Impacts on post-college outcomes, however, do not have to go through impacts on enrollment and completion. It could be that marginal enrollees and completers have particularly low returns to education (although related evidence suggests otherwise; see, e.g. Zimmerman 2014 ). On the other hand, even for so-called "inframarginal" students whose educational attainment is unaffected by the program, more generous financial aid may influence later life trajectories by promoting faster degree completion, increasing the quality or quantity of human capital acquired during college (e.g., by improving college GPAs), or by reducing the amount of debt that students hold at graduation.
We begin to fill this evidence gap by examining the long-term effects of the WV PROMISE scholarship, which had a documented positive impact on college GPAs, credit accumulation, and degree completion after five years (Scott-Clayton, 2011) . To facilitate this analysis, we construct a dataset we believe is without precedent in the literature: we link transcript, financial aid, degree completion and employment data from a state higher education agency to data from one of the nation's largest credit reporting agencies, up to eleven years after college entry (when our sample is between 28 and 30 years old). This enables us to examine important outcomes that have not been previously studied, including homeownership, neighborhood characteristics, and financial management (credit risk scores, defaults, and delinquencies). To identify causal effects of receiving the scholarship, we utilize two complementary quasi-experimental approaches: a regression discontinuity (RD) that compares students just above and below the test score cutoff for initial eligibility, and a difference-indifference (DD) that compares eligible students before and after program implementation to ineligible students over the same time period. 3 Our main threat to identification is that the scholarship program induced increases in enrollments of qualified students (either due to new students enrolling in college as a result of the increased aid, some students working harder or taking the test repeatedly to score above the cutoff, and/or students choosing to attend college in-state instead of out-of-state post PROMISE).
As a result, our RD analysis fails standard tests for continuity of density, and continuity of some covariates. Such violations are not uncommon in real-world applications, and economists have worked to develop reasonable strategies for causal inference even in the context of imperfect identification (Manski, 1990; Dong, 2015; Gerard, Rokkanen, & Rothe, 2015) . Indeed, restricting research only to cases with seemingly perfect identification may lead to other problems including limited generalizability, selective reporting, publication bias, and lack of replicability. We address identification concerns in a number of ways. First, we use two alternative identification strategies (RD and DD), each with distinct strengths and weaknesses, and give greatest credence to results for which the RD and DD generate broadly consistent estimates across specifications. Second, we show all results under a variety of specifications, including with and without rich covariates, to assure readers our results are robust. Finally, we carefully assess the potential role of selection bias using multiple bounding strategies in which we throw out top performers (in terms of outcomes as well as in terms of covariates, separately) from our treatment group.
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To preview our results, we find that PROMISE recipients continue to benefit from the program more than a decade after they entered college, with modest impacts dissipating and shifting across margins over time. For example, we find that even as bachelor's degree (BA) completion impacts fade out over time, impacts on graduate school attainment emerge: recipients are 3-4 percentage points more likely to have a graduate degree after ten years (a 15-30 percent increase from baseline rates, depending upon the sample and specification). Similarly, while the program significantly reduced undergraduate borrowing, it significantly increased graduate borrowing, such that overall student borrowing was no different at the end of the follow-up period. Point estimates for earnings, for those who remain in the state and are employed yearround, are consistently positive and of an economically-meaningful magnitude ($1,500-$2,700 annually), but these estimates are noisy and not consistently significant. Scholarship recipients live in higher-income neighborhoods, have slightly better credit scores, and are generally less 4 likely to have adverse credit outcomes (such as delinquencies and accounts in collections) than similar non-recipients, and students who just barely qualified for the scholarship appear more likely to have purchased a home. Scholarship recipients also seem to be in better financial health, as measured by an index that combines three arguably unambiguously positive financial outcomes (residing in a high-income neighborhood; not having accounts in collection; not having delinquent debt).
The paper most similar to ours -in that it also looks at the impact merit aid on postcollege outcomes -is a concurrent study by Bettinger, Gurantz, Kawano, and Sacerdote (2016) which examines graduate school attainment, mobility, and earnings using data 15 years after college entry. Using data from the National Student Clearinghouse and U.S. income tax records for students just above and below the income and GPA cutoffs for a merit-based scholarship in California (Cal Grant A), they find increases in both undergraduate and graduate attainment, as well as earnings gains of about 5 percent (0.047 log points) for students just above the GPA cutoff.
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The remainder of the paper proceeds as follows: in Section 2, we describe the policy background and related research on the WV PROMISE scholarship. In Section 3, we describe our data sources, sample, and outcomes. Section 4 describes our approach to causal identification, and key threats to validity. Section 5 presents our main findings, Section 6 describes robustness checks, and Section 7 provides a concluding discussion and interpretation.
Policy background and related research on PROMISE
In 2002, West Virginia began offering PROMISE (Providing Real Opportunities to Maximize In-state Student Excellence) scholarships to approximately one-quarter of their instate recent high school graduates (or about 40 percent of their in-state first-time freshmen). The program had multiple motivations: to reduce the cost of college, to provide incentives for increased achievement in both high school and college, and to retain more of the "best and brightest" students in-state. For the first two cohorts of recipients, who are the focus of the present analysis, graduates had to have a 3.0 high school grade point average (GPA) both overall and within a set of "core courses", as well as at least a 21 overall on the ACT or 1000 on the 2 The Bettinger et al. (2016) study also demonstrates the importance of post-college follow up: looking at the pattern of impacts across groups in their study, impacts on undergraduate attainment do not necessarily predict impacts on longer-term outcomes. Specifically: impacts on B.A. attainment were positive and significant for recipients around both the GPA and income cutoff (slightly larger for those around the income cutoff), but impacts on graduate school attainment and earnings are only found for students around the GPA cutoff.
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SAT, and had to start college within two years of high school graduation. While academic requirements have become more stringent over time, eligibility has always been based entirely on a student's academic record, not financial need.
For early cohorts, the scholarship provided full tuition and required fees for up to four years for eligible first-time freshmen who enrolled full-time at a West Virginia public two-or four-year institution, or an equivalent amount to attend an eligible West Virginia private institution (for later cohorts, the scholarship was capped at a fixed amount). To renew the scholarship, undergraduates had to complete at least 30 credits per year and maintain a 3.0 cumulative GPA, although the first two cohorts were allowed a 2.75 GPA in their first year. The average value of the award in 2002-03 was $2,900 for the first year (over $3,700 in 2016 dollars). Those who initially qualified received about $10,000 ($12 ,300 in 2016 dollars) on average over four years.
3 Scott-Clayton (2011) analyzed the impact of the scholarship program on college outcomes for the first two cohorts of recipients, using two complementary quasiexperimental approaches to identify causal effects: a regression-discontinuity (RD) analysis based on the ACT score threshold for PROMISE eligibility, and an event-study analysis based on the discontinuous timing of program implementation. Focusing on the event-study results (which provide a broader estimate of program effects), she found that PROMISE receipt increased GPAs and credit completion rates particularly during the first through third years of college, culminating in a 6.7 percentage point increase in bachelor's degree completion rates after four years (from a baseline rate of just 26 percent). The BA completion results faded to a 3.7 percentage point impact after five years, though remained statistically significant. The RD analysis suggested even larger impacts for students near the initial eligibility cutoff. Additional analyses suggested the program may have reduced student employment and student debt as well.
Questions remain, however, about the longer term effects of the program. Policymakers have questioned whether recipients may be more likely to leave the state after graduation. In addition, the shrinking of the BA completion impact between years four and five begs the question of whether it might ultimately fade out completely, and if so, whether improving time to degree alone is enough to substantially affect post-college outcomes.
On the other hand, the scholarship could still impact post-college outcomes even if the BA completion impact eventually fades out. Even those whose graduation status was completely unaffected may graduate with less debt as a result of the program, which may give them an 6 advantage financially. Graduating a year or more earlier than a student would have otherwise not only gives the student an experience advantage in the labor market (or a head start on graduate school), it may further reduce students' debt at graduation. The data include limited background information such as age, race, gender, overall high school GPA, and ACT and SAT scores as reported on the college application. 4 No direct measure of family income or wealth is available for the full sample, but we observe the student's county of residence at entry. The data include complete college transcripts and records of financial aid receipt for all cohorts for ten years after initial enrollment (note: financial aid application data from the FAFSA is only available for our post-cohorts, 2002 and later). The data also include administrative records of quarterly employment and earnings for students who worked in-state, acquired by WVHEPC from the state's Employment Security agency which uses it to administer unemployment insurance (UI), for up to 10 years after college entry. The data are the same as used in Scott-Clayton (2011) , but updated to include more years of follow-up.
We use these data to examine several outcomes of interest: long-term degree completion, including both bachelor's and graduate degree attainment; long-term student loan accumulation, separately for undergraduate, graduate, and parent loans; and in-state employment outcomes including whether individuals were employed in-state at all 10 years post-entry, whether they were employed year-round, and annual earnings conditional on year-round employment.
"Employment" is simply defined as non-zero earnings in any quarter of the year, while yearround employment requires non-zero earnings in every quarter of the year. Note that it is typically not possible to distinguish non-employment from out-of-state mobility in state UI databases. While in-state employment is of primary importance to state policymakers, our 7 merged data allow us to directly determine which students ultimately moved out of state (we find that approximately two-thirds of those who are not employed in WV are indeed living out of state). Exploiting the panel nature of the dataset, we also study whether the individual ever had any housing debt (indicative of home ownership). In a sample of consumers in their twenties, any history of home-secured debt is a reasonably complete proxy for past or present homeownership. Few homeowners this young own their homes outright. The panel is also exploited to study whether the individual has ever taken out a student loan (note that the Equifax loan measure is broader than the one constructed using financial aid data from WVHEPC, which includes only federal student loans taken out for enrollment at WVHEPC institutions). The maximum mortgage amount at origination, credit card balances (debt that is typically used to support consumption), and student loan balance are other outcomes that we also analyze.
Finally, using the Zip code information on the credit report, we construct a dummy variable for whether the individual resides outside West Virginia (WV) at a given point in time.
Our analysis also uses Zip code-level income data for 2010, drawn from the IRS Individual
Income Tax Statistics zip code data. The zip code level income information can be interpreted as a proxy for neighborhood quality or socioeconomic status, that does not rely on individuals being 5 We do not make full use of this information. Our employment outcomes are currently estimated for the full WVHEPC sample, without conditioning on state of current residence as indicated in the Equifax data. Our earnings outcome is conditional on year-round employment in the state. 8 homeowners to measure. In addition, this outcome may be less sensitive to the turbulence in the housing market during the Great Recession. The individual credit report data have been analyzed in several papers (Mian and Sufi, 2011; Brown et al., 2015 The rate of Pell receipt in our RD sample is virtually identical to the national average (37 percent, compared to 36 percent among young entrants nationally), and only modestly lower in the higher-scoring DD sample (32 percent). About 80 percent of our sample overall (or 90 percent of PROMISE eligible students) initially enrolled at a four-year institution while the remainder started at a two-year institution (not shown). Bachelor's degree completion doubles between four and six years post-entry in our DD sample (from 29 to 60 percent), and more than doubles in the RD sample (from 21 to 50 percent). But it continues to increase through ten years post entry, to 66 percent in the DD sample and 57 percent in the RD sample (implying that at least 1 in 10 graduates takes more than 6 years to completethe maximum follow up of the BPS survey). The WV samples have somewhat higher-thanaverage levels of undergraduate borrowing (53 percent had any federal undergraduate loans after 6 years in the BPS data, compared to 56-58 percent after 5 years in the WV data). Average amounts borrowed are also higher in the WV data. Again, this is likely a consequence of our sample being younger than average, with more students pursuing bachelor's degrees than among all first-time entrants nationally. About 60% of the full WVHEPC sample had some in-state earnings in the 10 th year post-entry, but only 47% had earnings in all quarters of that year. For those working in-state year round, average earnings were $41,510. The lower panel of Table 2 10 shows Equifax outcomes. The national comparison column here reports the statistics for a national sample of individuals of similar age as our sample (28-32 in 2014). The reported statistics for the outcomes here are based on the 2014 data, except those which use the entire history of the individual (such as, "ever" past due). Roughly 92 percent of the WV sample is matched with the credit bureau data. This match rate compares favorably with the coverage of credit bureau data for 28-32 year olds nationally.
Description of outcomes.
Nearly a quarter of WV enrollees had ever lived outside WV at some point during [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] [2014] . Mean zip code incomes and the rate of residing in zip code in the lowest quartile of the (national) income distribution are similar for our sample and the national comparison group.
Homeownership, as proxied by ever having any housing-related debt, in our sample varies between 35% and 40% depending on the subsample that one looks at, substantially higher than the national rate for this age group over this period. Maximum mortgage log balances, conditional on having a mortgage, are however on average similar for the WV and national samples. Average credit card balances for the WV sample are $2,120, somewhat higher than the national average.
In the full WV sample, 40.2% of the enrollees have had a delinquent (student, auto, or housing) debt at some point, and nearly half have had an account in collection. These statistics vary across the subsamples, and are higher than those of the national sample. Roughly 62% of our sample ever takes out a student loan, with an average maximum student loan balance of $16,400. Both statistics are higher than the national average, which should not be surprising since the national sample does not condition on pursuing post-secondary education.
The average credit score in our sample is 663, higher than the corresponding national average. Our index of financial health takes an average value of 1.2 (with a standard deviation of 0.996) in the full sample, quite similar to the average for the national sample.
In addition, for the female respondents, revisions to our initial matching procedure inadvertently resulted in a noisy proxy of "marriage." The initial matching of the WVHEPC files with the Equifax data was done by year based on last names, which revealed the surprising pattern that coverage rates for females decreased with age (when in fact the opposite is expected, since credit bureau data's coverage increases with age as the propensity to enter credit markets increases in early adulthood). An investigation of this puzzling pattern revealed that females who matched in one year were no longer considered as matches in a subsequent year if their names changed, even though Equifax could identify them as the same person based on other identifying information. This led Equifax to revise their algorithm. But we use this information to construct 11 a proxy for marriage. Needless to say, that this is a noisy measure, since females need not change their last name upon marriage. Just over one-third (35.5%) of females in our sample are coded as ever being married under this definition, far lower than the actual marriage rate observed for similarly aged WV residents in national data sources. 
Approach to Causal Identification
Overview. Following Scott-Clayton (2011), we utilize two complementary quasiexperimental strategies to identify causal effects of PROMISE receipt: the first is a regressiondiscontinuity (RD) that estimates the effect of being just above rather than just below the test score threshold for initial eligibility; and the second approach is a difference-in-difference (DD) comparing eligible students before and after program implementation, with ineligible students as a comparison group. 7 For both approaches, we layer on an instrumental variables approach to address the issue that we do not observe all of the information needed to precisely determine PROMISE eligibility. 8 We thus use estimated eligibility, based on high school GPA and ACT/SAT scores, as an instrument for actual receipt (which is observed). Our first stage is very strong under both approaches: estimated eligibility increases the likelihood of actual receipt by 70 to 80 percentage points. 9 As such, the IV serves primarily to correct for measurement error in our treatment indicator rather than as an identification strategy per se. We describe each of our two main strategies in more detail below, followed by a discussion of key threats to validity.
Regression discontinuity specifications. For this analysis, we limit the sample to West
Virginia residents entering in the first two years after PROMISE implementation who earned at least a 3.0 high school GPA. For these students PROMISE receipt is largely determined by ACT score (or SAT equivalent), though grades in high school "core courses" is another factor 6 American Community Survey data for 2013 indicate ever-marriage rates of 50-60 percent for WV residents between age 28 and 30 with at least some college (authors' estimates using publicly available data). 7 Note that Scott-Clayton's (2011) preferred second approach was a simple event study analysis comparing eligible students before and after implementation, though she also included a DD specification as a robustness check (the academic impacts she examined were actually larger in the DD than the event study estimates). We think an event study analysis is too simplistic to rigorously estimate the labor market, housing, and credit outcomes examined here, however, given that our follow-up period spans the Great Recession. It is much more plausible to assume no substantial cohort effects on GPAs, credits, or graduation rates during 2004-2007 than it is to assume no substantial cohort effects on employment, homeownership, or credit delinquencies during 2008-2013. 8 Specifically, we have only an overall high school GPA as reported on the college application, though PROMISE eligibility also required a 3.0 in a set of "core courses." In addition, because GPA and test score data are selfreported from the college application, it is possible that they may change in between the time of college application and the time of PROMISE eligibility determination. 9 Also note that the difference between estimated eligibility and actual receipt is unlikely to be explained in any large part by imperfect take-up for our sample of WVHEPC enrollees. The program was heavily advertised and the application itself was minimal; students who might not have been aware initially are likely to have learned of their eligibility during the college application/registration process.
which we do not observe. The vast majority of those who score a 20.50 (and thus are rounded to a score of 21) have access to the program while those who score only 20.49 do not. Except for PROMISE, students scoring just above 20.5 should not systematically differ from those scoring just below. If this assumption holds, then one can examine outcomes by ACT score and attribute any discontinuous jumps at the threshold to the effects of PROMISE.
Following Imbens and Lemieux (2008) , our main specification utilizes a two-stage local linear regression specification in which we first predict PROMISE receipt using the test score discontinuity, and then estimate the effect of predicted receipt on a given outcome:
where P i represents actual PROMISE receipt, i P represents predicted PROMISE receipt, above i
is an indicator that the student is above the score threshold, below i is an indicator that the student is below the threshold, ACTdist i is the distance between the student's individual score and the underlying cutoff score (20.5), X i is a vector of covariates including gender, race/ethnicity, age, high school GPA and high school GPA squared, high school type, and county of residence at entry fixed effects, and i ε is an idiosyncratic error term. 10 The parameter β estimates the difference in outcome i y at the threshold. In practical terms, this IV-RD specification provides essentially identical results to what we would get by running a simple RD specification for all outcomes (using equation 1a), and simply scaling the resulting estimates up by a factor of 1.43 (i.e., 1.00/0.70) to account for the fact that crossing the ACT threshold increases PROMISE receipt by 70 percentage points.
To ensure that our results are driven by the RD specification itself and not by differences in covariates around the cutoff, we test our main specification with and without covariates included. Our main specification focuses on a bandwidth +/-5 score points (16<=ACT<=25), but we test sensitivity to narrower and wider bandwidths. We also test out a specification that uses the full range of test scores, with additional quadratic controls for ACT score distance that are allowed to vary above and below the score cutoff. Finally, as a falsification test, we run our preferred specification for the two cohorts that entered before PROMISE was available.
Difference-in-difference specifications. For this analysis, we limit the sample to entrants with at least a 3.0 high school GPA, and compare changes over time among those above the test score cutoff (who were eligible for PROMISE after 2002) to those below the test score cutoff (who were never eligible). We again utilize a two-stage model in which estimated eligibility (being above the threshold, after implementation) is the instrument for actual PROMISE receipt.
Specifically, we estimate the two-stage model:
where P it represents actual PROMISE receipt, it P represents predicted PROMISE receipt based on the parameter estimates from (2a), ACTFE represents fixed effect controls for ACT score (a more flexible way of controlling for the main effects of being above versus below the score cutoff), COHORTFE represents fixed effects controls for college entry cohort (a more flexible way of controlling for the main effects of entering before versus after implementation), and X is a vector of covariates as previously defined.
As with the RD, we test our main specification with and without covariates to ensure that our results do not rest upon their inclusion. Our main specification uses heteroskedasticity-robust standard errors. However, we also test alternative ways of computing standard errors, including running our analyses with data aggregated to the ACT-cohort level.
Finally, we also run a version of the DD that limits the sample to students just above and below the score cutoff (19<=ACT<=22). Note that the RD and DD not only rest upon different core assumptions, but also generate different estimands (the former is local to the lowest-scoring PROMISE recipients, while the latter estimates the average effect for all recipients). Thus, this specification provides a point of translation between the RD and DD findings: it applies the DD specification to estimate impacts for recipients near the threshold.
Threats to validity. The RD and DD approaches are stronger together than either would be alone. The advantage of the RD is that it tightly links any observed impacts to an arbitrary program rule, eliminating several alternative explanations for the findings. Neither institutional policies, labor market conditions, nor students' background characteristics should vary discontinuously around the ACT threshold. One concern, though, is that the cutoff was wellknown and thus students could influence their eligibility by working harder and/or retesting in order to meet the scholarship criteria. An additional limitation is that the RD provides local average treatment effects (LATEs) that apply only to those near the eligibility threshold, who represent the lowest-scoring 20 percent of all PROMISE recipients and who may differ from other students in their response to the program. In contrast, the DD does not suffer from the same test manipulation concern, and also provides average treatment effects (ATEs) across all recipients, not just those near the threshold. However, the DD estimates may be more sensitive to dramatic changes in economic conditions during our follow-up period (roughly 2007-2013) , if these changes affect eligible and ineligible students differentially.
In addition, as discussed at length in Scott-Clayton (2011), both approaches are potentially contaminated by some selection bias given that our sample includes only those students who enrolled in the WV public college system, when the enrollment decision itself could have been affected by scholarship eligibility. Bias, not always in the same direction, could arise from three sources: 1) eligible individuals who otherwise would have attended college outof-state may now choose to enroll in-state (potentially inducing upward bias in both the RD and DD analysis), 2) eligible individuals who otherwise would not have enrolled in college may now choose to do so (likely to negatively bias both analyses), and 3) individuals who would have enrolled in college but failed to meet the eligibility criteria could work harder or retest in order to reach them (likely to negatively bias the DD analysis, but bias is ambiguous in the RD).
As in Scott-Clayton (2011), we do find evidence of significant heaping just above the ACT threshold for PROMISE eligibility (see Figure 1 ). Based on a comparison of frequency distributions before and after PROMISE, we clearly see excess observations above the threshold after PROMISE (compared to before). However, the majority of this additional density above the cutoff is due to new enrollments, rather than to students shifting from below to above the cutoff.
And as we will show later, less than a fifth of these new enrollments can be explained by students shifting from out-of-state to in-state colleges, the most plausible source of upward bias.
The net result of these enrollment shifts is a number of small, but statistically significant differences in covariates around the cutoff, predominantly in the IV-DD specification (most notably, treated students have 0.03 higher high school GPA in the RD, 0.12 points higher in the DD; see Appendix Table A .1 for McCrary test and complete covariate checks). 11 The simplest way to address our partial identification challenge is simply to control for any observable differences between the treated and control groups, but bounding strategies can also be used to assess concerns about selection.
Scott-Clayton (2011) undertakes a number of sensitivity analyses, including a bounding analysis, to explore the severity of these selection concerns. She finds that selection bias cannot explain the positive academic impacts of the program even under extreme assumptions about marginal enrollees. In addition, she finds that effects on students' annual GPA and credit attainment are concentrated precisely around those margins most directly connected to the scholarship's renewal requirements, and are evident only in the first three years of college, when students face these renewal incentives 12 -a pattern we would not expect if the impacts were a spurious result of selection. Still, there is no guarantee that results for these new outcomes will be similarly robust.
Thus, after presenting our main findings, we examine these selection concerns in more detail and provide robustness checks including three bounding analyses. In the first, we assume all "excess enrollees" are top performers, and exclude them from our treated group. In the second, we trim only the fraction of excess enrollees that are most likely to generate positive bias. In the third, we exclude observations in a narrow region around both sides of the cut-off (a "donut hole" analysis), with the idea that the running variable is more likely (if at all) to be manipulated in that region. The preferred approach we take in our main analysis, however, is to address compositional bias in a straightforward fashion by adjusting for a rich set of covariate controls, including two of the best predictors of college success-high school GPA and ACT score-as well as gender, race/ethnicity, age at entry, high school type (public/private), and fixed effects for county of residence at entry. Differential sample selection remains a concern only to the extent it occurs on other unmeasured dimensions that are also correlated with post-college outcomes.
Main results
For the academic and student loan outcomes, we pick up where Scott-Clayton (2011) left off, examining students both at 5-6 years post-entry and again at the end of the follow-up period, 10 years after college entry. For the in-state employment outcomes as well as for the Equifaxbased outcomes, we focus on realizations 9 to 11 years after enrollment. In the RD analysis, this means focusing on outcomes during 2011-2013 (2012-2014) for the 2002 (2003) entering cohort, implying that the average age of the respondents would be 28 to 30 years. Certain outcomes, including graduate degree completion, cumulative loan borrowing, ever past due or owning a home, take the respondent's entire history into account up to that point in time.
Regression discontinuity results. RD results for the WVHEPC-based outcomes are provided in Table 3 , with our preferred specification in column (1). Note that all models shown are two-stage, RD-IV models that use estimated PROMISE eligibility as an instrument for actual receipt (with a first stage of 0.70). 13 The first line simply replicates one of the key findings from Scott-Clayton (2011) that PROMISE receipt increased on-time graduation for students near the score threshold dramatically: a nearly 10 percentage point increase off a base of just 21 percent.
Over time, however, this effect fades out as non-recipients eventually catch up. After 10 years there is no longer a significant difference in BA completion.
As the BA completion results fade out, however, other impacts fade in. PROMISE recipients are significantly more likely to earn a graduate degree: a 2.6 percentage point impact after 6 years grows to 4.2 percentage points after 10 years (off base rates of just 7 and 13 percent, respectively). These results are quite robust across specifications, although they lose significance in some alternative models.
The student loan borrowing outcomes reveal a very interesting pattern: while PROMISE recipients have significantly lower undergraduate borrowing (both in terms of ever borrowed and cumulative amounts borrowed) and cumulative parent loan amounts (only relevant for undergraduates), they also have substantially higher graduate borrowing. After 10 years, this nets out to an overall 7.4 percentage point decline in the likelihood of having ever taken any federal student loan, but no difference in cumulative amounts. Like the graduate degree attainment findings, the student and parent loan impacts are highly robust across specifications. The effects on parent borrowing are particularly notable because parent borrowing generally is much smaller than student borrowing. The RD estimates in column (1) suggest parent borrowing was reduced by about two-thirds, by over $1000 off of an average of just over $2000.
We find no statistically significant impacts on in-state employment rates or earnings conditional on year-round employment in our main specification. In general, the point estimates are close to zero for employment rates but modestly positive for conditional earnings. The conditional earnings estimates are significant in some alternative specifications, and if taken 13 OLS versions of these RD models provide the same pattern of findings but with magnitudes of approximately 70% of what is shown here.
seriously, would represent an increase of about 7% over the mean earnings of $40,000 in the RD sample.
14 Reassuringly, the falsification results (which implement an RD based on the ACT score cutoff, but prior to the existence of PROMISE) reported in the last column of Table 3 , find no significant effects on any of these outcomes, with point estimates generally close to zero.
RD results for the Equifax-based outcomes are presented in Table 4 . The first row looks at the impact of predicted Promise receipt on the extensive margin of participating in credit markets. Focusing on our preferred specification in column (1), individuals above the cut-off are not any more likely to be matched than those below the cut-off. This lack of impact on the extensive margin makes it easier to interpret the intensive margin results that we next look at.
We see no impact of the scholarship receipt on the propensity to ever live outside WV. We find a robust positive impact of predicted PROMISE receipt on mean zip code-level income and a negative impact on the propensity to live in a zip code that is in the bottom quartile of the adjusted gross income (AGI) distribution (a decline of 4.3 percentage points on a base of 15.5%).
We find no impact on the marriage proxy.
Turning to financial outcomes on the intensive margin, predicted scholarship receipt leads to a (economically and statistically) significant 6 percentage point increase in the likelihood of home ownership (on a base of 36.1%). Conditional maximum mortgage log balances (that is, conditional on having housing debt) are on average lower by 1 log point, but imprecisely estimated. Average credit card debt -debt that is a good proxy for consumption -is unaffected. Predicted scholarship receipt leads to a significant decline of 5 percentage points in the likelihood of ever having student loans (on a base of 62.2%) 9-11 years after enrollment.
Student loan balances, however, are higher by nearly $2,800 (though not precisely estimated), consistent with scholarship receipt leading individuals to either persist through college or pursue post-bachelors' degrees at higher rates. Conditional student loan balances are, however, much higher for recipients. The significant estimate of $7,700 is considerably larger than the impacts on amounts borrowed based on the WVHEPC data in Table 3 . This could reflect differential repayment patterns (particularly if PROMISE recipients defer repayment during graduate enrollment), or it could reflect additional loans accrued at educational institutions outside the WV public education system or due to private loans, none of which would is captured in the WVHEPC borrowing data.
In terms of credit performance, we observe overall improved outcomes relative to those who are predicted to not have received the scholarship. Specifically, we see a lower propensity to be past due on accounts or have any in collections. Predicted scholarship receipt leads to an average increase of 3.8 points in individuals' credit score. While none of these outcomes are significant at conventional levels, the signs of coefficients are indicative of improved credit standing and financial outcomes among scholarship recipients. This is also reflected in the positive impact on our index of financial well-being (though again the estimate is imprecise).
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Columns (2) through (5) Difference-in-difference results. Difference-in-difference estimates for the WVHEPCbased outcomes are presented in Table 5 . Again, we use a two-stage approach in which estimated PROMISE eligibility is used as an instrument for actual receipt (with a first-stage of 0.79). Our preferred model is shown in column (1). Note that the DD estimates impacts for all PROMISE recipients, not just those near the score cutoff. As a result the differences between the RD and DD findings may reflect true heterogeneity in impacts for students depending upon ability (as proxied by test scores). The model in column (3), which applies the DD specification to a narrow subset of students around the threshold, is our attempt to provide a crosswalk between the two empirical approaches. If these results mimic the RD it would suggest that discrepancies between the RD and DD are due primarily to true impact heterogeneity rather than to differences in identification assumptions. However, the results in column (3) are much noisier and not always easy to interpret: in some cases they do appear more similar to the RD findings, while in other cases, they appear more similar to the DD.
As in the RD, the DD suggests large increases in on-time BA completion, but for the DD sample the effects remain large and significant even 10 years after entry (an increase of 8 percentage point from a baseline rate of 66 percent). The DD results also indicate significant increases in graduate school borrowing and attainment, although the magnitudes are somewhat smaller and more sensitive to the inclusion of controls than was the case in the RD. The DD suggests no substantial reduction in undergraduate borrowing (except when the sample is limited to students near the score threshold), and smaller reductions in parent borrowing than in the RD.
Finally, as in the RD, the DD suggests no significant impact on employment rates or conditional earnings, with point estimates that are generally smaller in magnitude than in the RD.
Estimates of the difference-in-difference specifications for the Equifax-based outcomes are presented in Table 6 . Results for the credit performance measures match those from the RD specification and are stronger, well-summarized by an approximate average increase of 6.5 points on credit score in the baseline specification, alongside a 3% lower likelihood of having ever had a past due student, auto, or home loan, or an account in collections. Predicted PROMISE receipt leads to a 0.06 increase in the index of financial health. This is a sizable impact, equivalent to nearly 0.06 of the standard deviation in the index. The predicted impacts of the scholarship on average zip code level income and on residing in the bottom quartile are similar to those in the RD specification.
A few outcomes lose precision or even reverse signs relative to the RD specification.
While the RD showed an increase in the likelihood of homeownership, here we see no impact on the ownership margin. In addition, we do not see any impact on the likelihood of taking out student loans (while the RD showed a decline). Column 3 of the table shows the estimates of the DD that limits the sample to students just above and below the score cutoff (19<=ACT<=22).
Estimates from this specification should, in principle, be most comparable to those from the RD specification, though they rest on different assumptions. We do see that the estimates of the DD restricted to those individuals around the cut-off are qualitatively similar to those from the RD, except for the impact on home ownership.
Graphical checks. Graphical analyses of selected outcomes are presented in Figures 2
and 3. We focus on those outcomes for which there appear to be significant and reasonably robust impacts in the regression specifications. The graphs can help provide intuition regarding where the underlying variation comes from and thus help readers to evaluate the plausibility of the regression results. In general, these graphs are reassuring: for outcomes for which we consistently find impacts, across specifications, we do see visual evidence of impacts in the graphs. The graphs show estimates for the baseline RD specification as well as the falsification RD. Take, for example, the impact on cumulative graduate school loans by the end of year 10 in the lower panel of Figure 2 . We can see a clear discontinuity for the baseline RD (denoted by "After Promise"). The falsification RD ("Before Promise") does not exhibit a discontinuity at the 20 ACT score threshold, as one would expect. Note that the DD implemented on students around the threshold is effectively the difference between the After Promise and Before Promise lines, above the cutoff and below the cutoff. Similarly, the bottom panel in Figure 3 shows a clear discontinuity in mean zipcode income for the baseline RD specification, and no jump for the falsification RD.
Subgroup analyses. We examined results for our main RD and DD specifications for three sets of subgroups: by Pell eligibility status, by gender, and by whether the student came from a public or private high school. These results are presented in full in Appendix Tables A.2- A.4. In many cases (particularly when cutting the sample by type of high school), sample sizes become quite small and estimates become noisy-we are thus underpowered in terms of detecting subgroup differences. This lack of power is reflected in the fact that it is difficult to discern consistent patterns across outcomes and across the RD vs. DD specifications, and makes us hesitant to put much weight on their interpretation. However, the results generally suggest that the effects may be stronger for students who are Pell recipients and those who attend public high schools. Since we might expect test re-taking and out-of-state migration to be most likely among higher socioeconomic groups, it is reassuring that our positive results do not appear to be limited to these groups.
Robustness checks
Alternative standard errors. One concern is that our standard errors may be underestimated because individual student outcomes are not fully independent. Since the PROMISE treatment in our sample varies only by ACT score and entry cohort, the most problematic type of intraclass correlation for us is correlation that occurs within ACT score bins or within cohorts. With only 10 ACT score bins in our preferred RD analysis and only four cohorts in our DD analysis, we have too few clusters to use typical clustered standard errors.
Instead, in Table 7 we undertake a very conservative approach that assumes perfect intraclass correlation: we aggregate the data into 20 ACT score-by-cohort bins, and run our regression on the aggregated data (in addition to imposing perfect intraclass correlation, this approach also ensures that statistical significance is evaluated using the small sample t-distribution). In order to still incorporate covariate adjustments, we residualize all outcomes, as well as our PROMISE receipt and eligibility flags, prior to aggregation. 16 Table 7 shows that this alternate way of computing standard errors has, perhaps surprisingly, no impact on our conclusions. Almost all estimates that were statistically significant in Tables 3-6 continue to be so. This suggests that there is not much correlation within ACT score bins or within cohorts.
Bounding strategies. Economists increasingly utilize bounding techniques to help assess the extent of potential bias in contexts of imperfect identification (Manski, 1990; Lee, 2009 ).
Lee's (2009) critical insight was that if the researcher can identify the proportion of "excess observations" present in the treated (or control) group, bounds can be obtained by making different extreme assumptions about which observations are the excess ones (e.g., the excess observations may be the ones with the very best outcomes, or the very worst outcomes in the relevant treatment group), and trimming them from the sample.
Recent work has extended these approaches to the RD context (Dong, 2015; Gerard, Rokkanen, & Rothe, 2015) . A key challenge in the RD context is that the proportion of excess observations must be estimated not just overall, but for different values of the running variable.
Unlike the cases considered in Dong (2015) and Gerard, Rokkanen, & Rothe (2015) , however, our data enable us to estimate the proportion of excess observations by ACT score directly, by comparing the ACT score distribution before and after PROMISE implementation (see Figure 1 ).
Comparing the ACT score distribution after PROMISE to that before it, we estimate that about 35 percent of our treatment group are new/excess observations (that is, about 35 percent of our post-implementation cohorts with scores above the cutoff either would not have enrolled or
would not have scored above the cutoff, in the absence of PROMISE).
In the first column of Table 8 , we show what happens if we assume these students come from the top of the cumulative college GPA distribution. That is, at each ACT score above the cut-off, the excess observations are removed by removing students from the top of the cumulative college GPA distribution. Under this extreme assumption, many effects are diminished and some effects-particularly those linked closely to college academics, like graduate attainment-even switch sign. Interestingly, however, even with this extreme assumption the undergraduate, overall & parent loan impacts are virtually unchanged, and the earnings, homeownership, and neighborhood income outcomes remain consistent in sign. This assumption is particularly extreme because GPA is an outcome clearly affected by the program.
If we trim based on high school GPA instead (see last two columns in Table 8 ), our results are barely distinguishable from baseline.
As in Scott-Clayton (2011), we can also draw upon additional data sources to estimate tighter bounds. As explained in Section 4, the excess mass above the cutoff comes from a Gerard et al., 2015) , we estimate the missing observations below the cut-off (see Figure 1) . 17 These would constitute about 22% of the excess enrollees.
Together these two groups constitute 40% of the excess enrollees, or 14% (0.40 x 0.35) of the treated group overall. We estimate the worst-case bounds under the assumption that these 14% are the ones with the very best outcomes and trim them from the sample unconditional on ACT scores (à la Lee, 2009 ). Estimates of this bounding exercise are presented in Table 9 . The magnitude of several RD estimates decreases and, unsurprisingly, some lose precision. However, with the exception of the outcomes related to location, all the other estimates are qualitatively similar to those in the baseline model. Turning to the DD estimates in the second column of Table 9 , we see that they are remarkably robust to this exercise and very similar (economically and statistically) to the corresponding estimates in Tables 5 and 6 .
Finally, we test the sensitivity of our results by excluding students with ACT scores around the threshold, in the spirit of leaving a "donut hole" in the regression analysis. The idea behind this robustness check is that selection bias due to the manipulators is likely to be worst near the cutoff (since arguably retakers are most likely to move from just below the cutoff to just 17 The implicit assumption here is that individuals with scores below the ACT cutoff who would have enrolled prior to PROMISE would do so after PROMISE as well. Then any missing mass has to be due to individuals moving to above the test score cutoff. This assumption is quite reasonable since PROMISE implementation should generally not dissuade such students from attending. It would, however, be violated if there were capacity constraints such that low-performing students (in terms of ACT scores) who would have earlier gotten in are now not able to.
Conversations with WVHEPC administrators in 2008 suggest that this was not the case. In addition, comparing observable characteristics of entry cohorts with scores below the cut-off before and after PROMISE reveals little difference in student observable characteristics (such as race, gender, age, and private school attendance). above). Appendix Table A .5 presents the baseline RD and DD specifications excluding the set of students with ACT scores in the range of 20-21. We see that the results are quite similar to those in tables 3-6 (except that we lose power for some outcomes), suggestive of the bias due to manipulation not being a serious concern in our context.
Alternative source of identification: first year GPA. Students who initially qualify for
PROMISE must maintain a 2.75 GPA in their first year, or they lose eligibility for subsequent years. We can thus perform another RD analysis with first year GPA as the forcing variable, using a local linear specification (+/-0.75 bandwidth) with the same demographic controls specified in equation (1a). Although this strategy is not without its own limitations, it provides another way to triangulate the results. Table 10 provides our results, which are quite consistently positive and significant across all outcomes examined. While we suggest interpreting these results cautiously given that GPA is lumpy (something found in other contexts which use GPA as the running variable too; for example, see Bettinger et al., 2016) and we again find excess mass above the cutoff, it is reassuring that this entirely separate source of variation generates findings consistent with (indeed even stronger than) our main results.
Discussion
Although our alternative approaches generate broadly consistent patterns, results are not always identical across specifications. In this context, how can we assess which results are most convincing? While the DD results, if plausible, would be more useful for policy due to their broader generalizability (because they apply to all PROMISE recipients, not just those near the score cutoff), the potential tradeoff for more questionable internal validity may be too great in this case, at least for those outcomes we expect to be highly sensitive to economic conditions. Dramatic changes over time in the economy are hitting right in the middle of our follow up period. We thus have to heavily rely on PROMISE-ineligible students from the same cohorts to provide us a way to control for underlying trends over time. But if the recession affects high and low-scoring students differentially, it is a problem for the DD analysis.
It is worth noting that if we compare DD Model 3 (which limits to students around the score cutoff, and is thus is more comparable in theory to the RD strategy), results between the RD and DD are quite comparable for those outcomes that are arguably least likely to be impacted by the great recession: BA completion, undergraduate borrowing, and parent borrowing (all of which primarily occur in 2007 or earlier), as well as mobility, zipcode-level income (which is based upon fixed Census data), and our marriage proxy. Debt delinquencies and credit scores are 24 also quite consistent between the two strategies, suggesting that our PROMISE-ineligible comparison group may adequately capture the effects of the recession on these outcomes for eligible students. Impact estimates for graduate school enrollment and home ownership, however, are inconsistent between the RD and limited DD specification, suggesting that the assumption of parallel trends may be violated for these outcomes. This is plausible if higherability individuals tend to have higher propensities to pursue graduate school and much higher home ownership in general. For example, home ownership among PROMISE-eligible students could have been affected more by the recession than were ineligible students, generating the observed negative point estimates in DD Model 1.
Despite their more limited generalizability, the RD results may nonetheless be of particular interest to both state and national policymakers. While the RD sample is not reflective of all PROMISE recipients, it is more reflective of the typical student at a public institution, since the ACT score cutoff was the median ACT score at the time. The RD results can thus inform policymakers regarding the potential effects of offering PROMISE-like scholarships to students of median ability (among the test taking population).
Focusing, then, on the RD results, the story they reveal is generally a positive, though not miraculous one. It is also a story of the dissipation of treatment effects across many margins. For the RD sample, receiving PROMISE had an average value of $8,400 over four years. Parents appear to "take their cut" of this benefit, reducing their own federal PLUS loan borrowing by about $1,000 while students reduce their undergraduate borrowing by nearly $1,400. Graduate school enrollment (and borrowing) increases substantially as a result of the scholarship, meaning that even a 10-year follow up window may be insufficient to fully assess the labor market outcomes of recipients. Nonetheless, point estimates are suggestive of positive earnings effects ($2,724 [s.e.=1,809] , p=0.13). While a full cost-benefit analysis is beyond the scope of this paper, earnings effects of this magnitude would on their own more than compensate for the direct per-student costs of the scholarship, after just four years in the labor market. We also find improvements in socioeconomic status, as measured by income of the individual's residing zip code, for PROMISE recipients. Given the growing evidence on the importance of neighborhood quality for intergenerational mobility and outcomes of children (Chetty et al., 2014; Chetty, Hendren, and Katz, 2016) , this is an important result. The credit outcomes also suggest an improvement in financial health of recipients, as indicated by a lower incidence of adverse outcomes and a modest improvement in credit scores and our index of financial well-being.
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Our results also add new perspective to the ongoing conversation about the mechanisms underlying financial aid impacts, as well as the long-term consequences of student debt. ScottClayton (2011) provides strong evidence that the academic impacts of WV PROMISE are linked to its annual academic performance requirements: treated students' GPAs and credit accumulation are substantially higher than control students in years when performance requirements are binding, but disappear in the fourth year when requirements cease, even though students continue to receive the scholarship money. The WV PROMISE scholarship significantly reduced undergraduate debt for students with ACT scores near the cutoff, and it might be tempting to infer that this is the mechanism that leads to higher graduate attainment and improved financial and neighborhood outcomes later in life. But the acceleration of time to degree is a separate and equally plausible mechanism. Although there is no clean way to separately identify the precise channels for the longer-term impacts, exploratory analyses suggest that improving time to degree may be more important than the reductions in undergraduate loans.
First, graduate attainment increased for both our RD and our DD samples, even though only the RD sample saw a reduction in undergraduate loans. Second, due to these increases in graduate enrollment, current loan balances are actually higher-not lower-for the treated group in both the RD and DD samples, yet they still have higher rates of homeownership and live in wealthier neighborhoods. Finally, controlling for undergraduate loan amounts has little effect on subsequent impact estimates, while controlling for time-to-degree reduces subsequent impacts noticeably (see Appendix Table A .6). While we cannot directly examine the effect of student loans on outcomes like homeownership, our results are consistent with the argument that later life outcomes depend more on college outcomes (completion, performance, time to degree) than on debt loads per se (Dynarski, 2016 ; Executive Office of the President, 2016).
A final important conclusion of our study is that bachelor's degree attainment alone is not sufficient to measure the impact of aid. Ten years after starting college, PROMISE recipients were no more likely to have a BA than their counterparts. But they earned these degrees significantly earlier, enabling them to get a head start on the next phase of their lives. This appears to have paid off in terms of higher graduate attainment, higher homeownership, better neighborhoods, and indications of improved credit and earnings. Our results show that aid improves important life outcomes long after students leave college, even when impacts on bachelor's degree completion fade out. "Index" ranges from 0 to 3, the sum of three indicators of unambiguously positive credit outcomes: being in the top quartile AGI, never having past due loans, and never having debt in collections. "Index" ranges from 0 to 3, the sum of three indicators of unambiguously positive credit outcomes: being in the top quartile adjusted gross income (AGI) zip code, never having past due loans, and never having debt in collections. Unless otherwise noted, regressions include fixed effects for entry cohorts and ACT scores, as well as controls for age, high school GPA and GPA squared, gender, and race/ethnicity, high school type (public/private) and county of residence at entry indicators. The marriage proxy is estimated for the subsample of females only. "Index" ranges from 0 to 3, the sum of three indicators of unambiguously positive credit outcomes: being in the top quartile AGI, never having past due loans, and never having debt in collections. Unless otherwise noted, regressions include fixed effects for entry cohorts and ACT scores, as well as controls for age, high school GPA and GPA squared, gender, and race/ethnicity, high school type (public/private) and county of residence at entry indicators. The marriage proxy is estimated for the subsample of females only. 
